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Abstract 
A simple and effective down-sample algorithm, Peak-Hold-Down-Sample (PHDS) 
algorithm is developed in this paper to enable a rapid and efficient data transfer in remote 
condition monitoring applications. The algorithm is particularly useful for high frequency 
Condition Monitoring (CM) techniques, and for low speed machine applications since the 
combination of the high sampling frequency and low rotating speed will generally lead to 
large unwieldy data size. The effectiveness of the algorithm was evaluated and tested on four 
sets of data in the study. One set of the data was extracted from the condition monitoring 
signal of a practical industry application. Another set of data was acquired from a low speed 
machine test rig in the laboratory. The other two sets of data were computer simulated 
bearing defect signals having either a single or multiple bearing defects. The results disclose 
that the PHDS algorithm can substantially reduce the size of data while preserving the critical 
bearing defect information for all the data sets used in this work even when a large down-
sample ratio was used (i.e., 500 times down-sampled). In contrast, the down-sample process 
using existing normal down-sample technique in signal processing eliminates the useful and 
critical information such as bearing defect frequencies in a signal when the same down-
sample ratio was employed. Noise and artificial frequency components were also induced by 
the normal down-sample technique, thus limits its usefulness for machine condition 
monitoring applications.    
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1. Introduction    
Low speed rotating machinery often refers to machines operating at a shaft rotating speed 
well below 600 rpm although there is no existing universal accepted criterion for such 
classification [1]. Low speed machinery such as wind turbines in a windmill, sludge burn 
kilns in a refinery or a paper plant, waterwheels of electricity generators or mills in slow 
flowing water, and conveyors in a mining site, are typically massive in size and have high 
rotating inertia. Component defects (e.g., an early defection of a rolling element bearing or a 
gearbox) of a low speed machine, on the other hand, produce only very low vibration energy. 
Therefore, component defect signals and the related fault symptoms can be easily buried 
under machine operation noise and go undetected when conventional condition monitoring 
techniques such as vibration and acoustic analysis are employed.  
Bearings are the most critical and vulnerable mechanical component of low speed rotating 
machines [2]. A majority of mechanical problems in a low speed rotating machine are caused 
by faulty bearings [3]. Severe faults in a bearing can also cause unexpected shutdowns or 
devastating functional failures of a machine and resulting in human casualty. Monitoring the 
operating and health conditions of bearings is thus critical to ensure a continuous operation of 
a machine. Although vibration techniques have been successfully employed for the detection 
of bearing defects of high speed machines such as helicopter gearboxes with the aid of 
advanced signal processing techniques [4, 5], incipient bearing defect signals of low speed 
machines are often hard to detect by the conventional CM techniques (e.g., vibration or 
acoustic analysis) due to the weak bearing defect signal and the strong interference from the 
machine operating noise [6]. Vibration and acoustic analysis for condition monitoring of low 
speed machines also suffer from instrumentation and sensor limitations for low frequency 
measurements [1]. Oil and wear particle analysis, another commonly employed CM 
technique, is also impractical for the condition monitoring of low speed machines since this 
type of machines is usually grease lubricated.  
Limitations of the conventional CM techniques have led to the increasing use of Acoustic 
Emission (AE) techniques for low speed machine condition monitoring [3, 6-10]. The 
fundamental principle of the AE technique in bearing defect monitoring is that passage of a 
bearing defect through the roller and raceway contacts will generate periodic AE bursts (or 
pseudo-cyclostationary signals [4, 5] if the random slips between roller elements and the cage 
of a bearing are considered) which can be detected by AE sensors close to it. The AE signal 
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can then be analyzed for bearing fault diagnosis according to the characteristic defect 
frequencies contained in the signal. It has been found by several researchers [7-9] that AE 
techniques can be a more sensitive approach than the conventional vibration analysis in 
detecting incipient bearing defects of a low speed machine. The successful examples of AE 
applications in this area are largely accredited to the high frequency nature of the technique. 
High frequency AE signals are less likely to be contaminated by the low frequency, high 
energy vibration generated by rotating components of a low speed machine and the noise of 
the surrounding environment. Furthermore, other high frequency sources away from an AE 
sensor would be substantially attenuated when reaching the sensor location due to the high 
energy decaying rate of such sources. Therefore, the acoustic emission technique is capable 
of producing high signal-to-noise-ratio CM data for better bearing fault diagnosis in low 
speed machine applications. Nonetheless, it is worth noting that the AE technique also comes 
with inherited problems in data acquisition and signal processing. For instance, expensive and 
highly specialized data acquisition devices are normally required for high frequency AE 
measurements. The non-linear response of AE sensors also poses a problem in data analysis. 
Extensive expert knowledge is required to correctly interpret the information conveyed in an 
AE signal. Another major drawback of the AE technique is the large unwieldy data it 
produces, which could pose a problem for wireless or internet data transmission for condition 
monitoring programs in remote industry sites. The problem is even more prominent in low 
speed machine applications since lengthy recording time is required to encompass sufficient 
shaft revolutions in a data set for an accurate fault diagnosis. Longer recording time is also 
needed to ensure a good frequency resolution and to enable the display of sidebands of a 
defect frequency in the spectrum.  
To overcome this shortcoming, a generic down-sample algorithm which is termed as Peak-
Hold-Down-Sample (PHDS) algorithm is developed in this paper to enable thepreservation 
of high frequency impact contents of the AE signals with a comparatively low sampling rate. 
The PHDS algorithm is analogous to the analog peak value detecting device developed 
originally by Noda [11] for the detection of damage on rotors such as a bearing defect. A 
similar peak value detecting device was utilized in an integrated signal processing unit 
invented by Robinson et al [12] for bearing or gearbox defect detection. In their invention, 
peak values of a high passed and rectified vibration signal detected and held by a peak value 
detector device were passed on to a data recorder for synchronous averaging with the 
measured pseudo-tachometer signal of the machine under monitoring. The averaged peak 
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hold time series were then transformed and displayed in the frequency domain for machine 
fault detection. The method was also termed as 'PeakVue Analysis' in a separate work of the 
authors [13] and it is now commercially available. A major drawback of the method is that it 
can produce false frequency components if a signal contains frequencies lower than the 
down-sample frequency (due to signal rectification in the algorithm). To overcome this 
problem and to improve the time domain representation of the original signal, a more generic 
down-sample algorithm - PHDS algorithm is developed in this work.     
Instead of using electronic devices [11, 12], this work presents a generic down-sample 
process in the digital domain to reduce the unwieldy acoustic emission data in low speed 
machine applications. The algorithm has also been programmed and integrated into a 
condition monitoring software developed for condition monitoring of low speed machinery 
based on the LabVIEW software development platform [14]. A detailed elaboration of the 
PHDS algorithm is given in the next section. Section 3 provides a description of the low 
speed machine test rig and the industrial machine used in this study. Computer simulated 
bearing defect signals as well as AE data acquired from practical condition monitoring 
programs are utilized in Section 4 to evaluate the effectiveness and strength of the algorithm 
by comparing the envelope spectra of the PHDS signals with that of the original data. The 
advantage of the PHDS algorithm comparing to the existing normal down-sample approach 
in signal processing is also discussed in the section. The main findings are summarized in 
Section 5.   
2. Peak-Hold-Down-Sample (PHDS) algorithm 
As mentioned in the introduction, a main challenge of using AE techniques for condition 
monitoring of low speed machines is the enormous AE data size due to the combination of 
high sampling rate used in AE data acquisition and lengthy recording time required to 
encompass sufficient shaft revolutions in data recording. A down-sample technique is thus 
essential for such applications to effectively reduce the amount of AE data for better data 
storage, transfer and analysis.  
Traditionally, a down-sample process in signal processing (termed as normal down-sample 
technique in this paper) selects every thr  sample at equal intervals and discards the rest of the 
samples from the original data to reduce the data size [15]. Nevertheless, critical information 
such as bearing defect frequencies, gear meshing frequencies (which produce periodic pulses 
at regular time intervals) in the signal can also be lost by the down-sample process. This 
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deficiency limits the application of the algorithm in machine condition monitoring programs. 
On the other hand, large bulky data is often generated from CM programs of low speed 
machines, particularly when high frequency CM techniques are employed. The bulky CM 
data can pose a problem in data storage, transfer and analysis using existing techniques and 
facilities such as wireless devices and internet, particularly in remote industry sites. A Peak-
Hold-Down-Sample algorithm as described in Fig. 1 is consequently developed in this work 
to overcome the above-mentioned problem. The algorithm can effectively retain the critical 
impact impulses generated by bearing or gearbox defects in the time waveform with a 
substantial reduced data size (to be discussed in Section 4), thus enabling the analysis of the 
defect(s) in the frequency domain.  
In principle, the PHDS algorithm works like an analog peak-hold circuit [11, 12] in the 
digital domain. During a PHDS process, an analog signal is digitized at an original high 
sampling frequency and stored temporally in the buffer memory of a Data Acquisition (DAQ) 
board. The signal is then segregated according to a pre-defined down-sample ratio. The peak 
detected from each data segment of the segregated signal is saved in a data file to represent 
the original signal. Since this process can be executed in real-time, only down-sampled data 
needs to be recorded in the hard disk and for data transfer while the original high frequency 
sampled data can be discarded in the PHDS process. A major advantage of the PHDS process 
is that it can substantially reduce the amount of data while retaining the useful high frequency 
impulse signals generated by machine component defects as illustrated in details in Section 4.  
Fig. 1 provides a flow chart of the PHDS algorithm. An original signal is divided into data 
segments according to a pre-defined down-sample ratio in the first step. The sample having 
the maximum absolute value within each data segment is then retained to represent the data 
segment as the new data element in the down-sampled data series. A sign change can also be 
involved in the down-sample process when the maximum value sample and the minimum 
value sample within a data segment have opposite sign. In this case, the sign of the down-
sampled element extracted from the data segment will depend upon the sign of the preceding 
data element. For instance, if the maximum and the minimum value samples in a data 
segment have opposite sign and the preceding element in the down-sampled data has negative 
sign, the element extracted from the data segment will retain the maximum absolute value of 
the data segment and have positive sign. Likewise, if the maximum and the minimum value 
samples in a data segment have opposite sign and the preceding element in the down- 
sampled data has positive sign, the element extracted from the data segment will have 
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negative sign as illustrated in Fig.1. The sign change in the algorithm is to ensure a minimum 
DC shift in the down-sampled data series.  
A mathematical description of the down-sampled data series of an original discrete data 
series, ¬ ¼ 10,...),(...,),(),(),()( 210 dd Nitststststs i , can be written as: 
¬ ¼ 10,...),(...,),(),(),()( 210 dd MjTSTSTSTSTS j ,       (1)  
where )int(
r
NM   and 
d
o
f
fr   is the down-sample ratio. 
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frequency of the original data and 
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d TT
f  1
1  is the sampling frequency of the down-
sampled data series.  
The data segment )( jTX  described in Fig. 1 is given by: 
¬ ¼)(...,),(),(),()( 21 riiiij tstststsTX  ,        (2) 
where ji Tt t  and 1  jri Tt . 
Envelope analysis, also known as 'High Frequency Resonance Technique', is employed 
exclusively in the frequency domain analysis for bearing defect detection presented in this 
work. A major objective of envelope analysis in this paper is to evaluate the effectiveness and 
performance of the proposed down-sample algorithm. Three major steps were implemented 
in the envelope analysis of this study; (1) Data rectification; (2) Hilbert transform to obtain an 
imaginary component from which to form the envelope; and (3) Fast Fourier transform (FFT) 
to obtain the power spectra of the envelope signals as displayed in the figures presented in 
Section 4.      
3. A description of the low speed test rig and the industrial machine  
To fully evaluate the advantage and efficiency of the PHDS algorithm developed in this 
paper, four distinct data sets are utilized in the simulation. The first two sets of data are 
computer simulated bearing defect data to be described in Section 4. The other two sets of 
data are machine condition monitoring data, one from a low speed test rig and another from 
an industrial machine. For a better understanding of the data, a brief description of the test rig 
and the industrial machine used in the study is given in this section. 
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3.1 Low speed test rig    
Typical machine component faults such as bearing and gearbox defects normally do not 
occur in a short period of time. Thus, simulation of this type of faults in a controlled manner 
is necessary to have a better understanding of the signal characteristic associated with each 
fault for condition monitoring applications. To this regard, a low speed machine test rig was 
developed in the laboratory as shown in Fig. 2. The main mechanical components of the test 
rig include an electric motor, a variable speed drive and the safety control device, a speed 
reduction gearbox, a flexible coupling, three sets of interchangeable rolling element bearings, 
a two-stage gearbox set (to simulate gear meshing defects) and the auxiliary loading devices. 
Each loading device can be independently attached or detached from the test rig to simulate 
different loadings such as steady load, impact load, swinging load, axial load or rumbling on 
the bearing under testing. The speed reduction gearbox reduces the motor speed output by a 
ratio of 10.1 to 1. The operating speed of the test rig shaft can be adjusted down to as low as 
10 rpm for all loading conditions.   
Two acoustic emission (AE) sensors were used in the experimental tests, one on the top 
and the other on the side of the test bearing housing by means of magnetic holders to measure 
the vertical and horizontal AE propagation as illustrated in Fig. 2. The AE sensors used in the 
experiment are the resonance type ‘R6a’ sensors from Physical Acoustics Corporations 
(PAC). The operating frequency range of the sensors is between 35 kHz to 100 kHz. The 
signal generated by the sensors was amplified by matching (PAC) pre-amplifiers before being 
recorded by a National Instrument PXI data acquisition system. A PCB accelerometer was 
rigidly mounted on the top of the bearing housing in parallel to one of the AE sensors.  
A single row cylindrical rolling element bearing (type NSK-NF307) with removable outer 
ring was used in the experiment. The bearing has 12 rolling elements, an inner diameter of 35 
mm and an outer diameter of 80 mm. A thin hair line scratch was indented onto the outer 
bearing race of the bearing as shown in Fig. 3 to simulate an incipient bearing defect. The AE 
signals acquired from the measurement are utilized in the next section to evaluate the 
advantage and effectiveness of the PHDS algorithm developed in this work for bearing defect 
detection.  
3.2 Low speed paste mixer machine 
Condition monitoring data from a paste mixer machine of an aluminium refinery is also 
used in this study to examine the strength of the PHDS algorithm on complex signals 
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acquired from practical industry applications. The paste mixer machine is shown in Fig. 4. 
The machine is one of the most critical components in the refinery which supplies carbon 
anodes to the aluminium smelter. The paste mixer has a set of gearboxes to generate a lateral 
reciprocating motion in addition to the rotating motion of around 50 rpm during the paste 
mixing process. A large impact force is produced by the lateral reciprocating motion due to 
the large inertia of the mixer shaft and the mixing material. The force exerts a substantial 
axial working load on the gearbox and bearings. Therefore, the operation and health 
conditions of the bearings and gearboxes of the mixer need to be regularly monitored to 
prevent costly unscheduled shut down of the smelter resulting from unexpected bearing or 
gearbox failures. An early detection of such mechanical faults developed in the machine can 
prevent an incipient bearing or gearbox defect from becoming a functional failure of the 
machine.   
AE sensors (and an IMI industrial type ICP accelerometer) were installed on the paste 
mixer to monitor the operating and health condition of the bearings and gearboxes at the 
locations shown in Fig. 4(b). An outer race defect was detected on the bearing located at the 
drive end of the input shaft (at Position #0 as shown in Fig. 4(b)) by the AE sensor. The 
bearing defect was not detected by the previous condition monitoring programs and 
inspections using accelerometers attached on the same bearing housing as shown in Figs. 5 
and 6. Comparison of the AE and vibration results demonstrates that the AE technique is 
more sensitive in detecting the incipient bearing defect than vibration technique in this 
particular case. However, as mentioned earlier, a major drawback of the AE technique for 
such applications is the large data size it produces due to the high frequency sampling (i.e., 
the sampling frequency in this application was 250 kHz) and the lengthy data recording time 
to encompass sufficient shaft revolutions in the data for an accurate analysis. The bulky data 
size also poses a challenge for remote data transfer since the industry site is located a few 
hundred kilometres away from the office where the condition monitoring data is analyzed. To 
overcome this deficiency, the PHDS algorithm was developed and implemented in the 
condition monitoring system installed in the site to reduce the data size while retaining the 
useful impact information associated with the bearing defect frequencies in the PHDS 
waveforms. It will be shown in the next section that the frequency component and its higher 
harmonics of the bearing defect at Position #0 are effectively retained in the envelope 
spectrum after a substantial down sampling (i.e., 500 times reduction) from the original high 
frequency sampling data.    
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4. Results and discussion 
4.1 Computer simulation data 
A rolling element bearing having 11 N  rolling elements is chosen in the numerical 
simulation. The bearing is assumed to have a cage diameter of mm34 D  and a rolling 
element diameter of mm5.7 d . A single outer race defect is assumed for the bearing in the 
first simulation. The defect frequency of the bearing can be calculated by:  
¹¸
·
©¨
§ u Mcos1
120
rpm
D
dNBPFO ,        (3) 
where rpm denotes the shaft revolution per minute. The contact angle of the rolling elements 
is assumed to be 0 M  in the simulation. The shaft rotation speed is set at minrev600 , 
which produces a fundamental bearing defect frequency of Hz87.42 .  
The simulated bearing defect signal is generated by using the following equations: 
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where 1 Q  is the assumed maximum loading intensity for the outer race defect, kHz5 rf  
is the assumed bearing resonance frequency. α is the energy decay constant of the bearing 
outer race. The first part in Eqs. (4a) and (4b) is the signal produced by the bearing defect, 
and the second part of the equations is the superimposed white Gaussian noise representing 
the machine background noise. n is the pulse index of the bearing defect frequency, )(tO  is 
the white Gaussian noise and 1 snr  is the assumed signal to noise ratio. The sampling 
frequency used in the simulation is set at 20 kHz and the length of the simulated signal is 1 
second. The simulated signal is shown in Fig. 7(a). 
To illustrate the advantage and strength of the PHDS technique developed in this work, the 
simulated bearing defect signal is down-sampled by both PHDS algorithm and the existing 
normal down-sample technique [15] for comparison. The original signal and the PHDS 
waveforms using two different down-sample ratios (i.e., 50 and 100 times) are shown in Fig. 
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7. It is shown that the periodic pulses generated by the bearing defect are well retained in the 
PHDS signals even when a large down-sample ratio is used (e.g., 100 times). Thus, the PHDS 
algorithm can produce a better down-sampled data series with good time domain 
representation of the original signal. This aspect of the algorithm is particularly useful in 
practical applications when time domain statistical features are needed for automated 
condition monitoring and machine fault diagnosis.  
Fig. 8 compares the envelope spectra of the original simulated signal and the PHDS 
waveforms shown in Fig. 7. It is found that the PHDS algorithm effectively preserves the 
useful bearing defect frequency component(s) in the spectra after a substantially reduced 
sampling rate was employed in the data recording. Artificial frequency components (noise) 
were induced in the spectrum when the down-sample ratio is large, particularly when the 
down-sample frequency is smaller than two and a half times of the highest frequency of 
interest. However, the amplitude of such artificial components is usually too small compared 
with those of the bearing defect component(s) to have a substantial effect on bearing defect 
diagnosis.  
In the next simulation, the simulated bearing defect signal is down-sampled using the 
normal down-sample technique and the same down-sample ratios as in the previous 
simulation. The time waveforms are shown in Fig. 9 and the corresponding envelope spectra 
are shown in Fig. 10. In contrast to the PHDS, most impulses generated by the bearing defect 
are most likely to be removed from the time waveform by the normal down-sample process 
unless the down-sample ratio happens to match the period of the bearing defect signal. 
However, such critical condition is difficult to meet in practical condition monitoring 
applications, particularly when the defect frequency is unknown. Figs. 10(b)-(c) illustrate that 
the bearing defect frequency components gradually disappear and get submerged under the 
noise floor of the envelope spectra when the down-sample ratio increases. Furthermore, 
additional noise was also introduced in the signal (i.e., the artificial peaks in the envelope 
spectra) and becomes dominant in the spectra when the down-sample ratio is large (see Fig. 
10(c)). The smearing or disappearance of bearing defect frequency components in the 
spectrum of the down-sampled signal will render the data useless in practical applications.  
From the above analysis, it is tentatively asserted that the PHDS algorithm is a better 
down-sample algorithm than the existing normal down-sample technique, particularly for 
applications of periodic impact-like defect signals. Therefore, the technique could be 
employed to effectively reduce the amount of bulky CM data of machine condition 
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monitoring applications in remote industry sites since both bearing or gearbox defects 
generate regular impact pulses in a signal. The claim will be tested further in the following 
text using more complicated signals and signals acquired from a real CM application. 
To further evaluate the effectiveness of the algorithm, a more complicated bearing defect 
signal was simulated and analyzed in the next simulation. The bearing was assumed to have 
multiple defects, one on the outer race, one on the inner race and one on the roller. White 
Gaussian noise with a ratio 5.2 snr  was superimposed to the bearing defect signal to 
represent the machine noise as in the previous simulation. The simulated signal is shown in 
Fig. 11 together with the PHDS waveforms using two different down-sample ratios (50 and 
100 times reduction). The envelope spectra of the original bearing defect signal and the 
corresponding PHDS waveforms are shown in Fig. 12. 
By comparing the envelope spectra of the PHDS waveforms with that of the original 
signal, it is found that the PHDS algorithm not only preserves the main bearing defect 
frequency components but also the side bands. The dominating BPFO frequency components 
and the shaft rotating frequency component are clearly observed in all envelope spectra 
shown in the figure. Side bands are also preserved but slightly smeared by the small artificial 
components induced in the down-sample process as shown in Fig. 12(c). 
4.2 Experimental data 
To evaluate the effectiveness of the PHDS algorithm in detecting incipient bearing defect 
signals in practical applications, acoustic emission signals acquired from the low speed 
machine test rig described in Fig. 2 are utilized in this simulation. The simulated bearing 
defect is only a minute scratch on the race (see Fig. 3) so that the impulses produced by the 
simulated defect were not detected by the vibration sensor attached on the bearing housing 
next to the AE sensor (note: the vibration signal is not presented in this paper). The shaft 
rotating speed of the test rig was set at 148 rpm in the experiment. This produced a 
fundamental outer race defect frequency of the bearing at 12 Hz. The sampling frequency of 
the acoustic emission signal was set at 200 kHz during the test. The size of the data file is 
relatively large (about 10 Mb each for uncompressed data files) due to the high AE sampling 
rate and the lengthy recording time to encompass several shaft revolutions in the data for a 
better frequency resolution and a more accurate diagnosis. The measured raw waveform and 
the PHDS waveforms using three different down-sample ratios (i.e., 50, 200 and 500 times 
reduction) are shown in Fig. 13. It is illustrated that the PHDS algorithm can effectively 
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retain the impulses generated by the simulated incipient bearing defect in the time waveform 
even though the sample frequency has been substantially reduced. It is worth noting that by 
slightly modifying the PHDS algorithm described in Fig. 1, the corresponding time instants 
of the impulses in the original data can also be recorded by the PHDS process. The recorded 
time series can be used in conjunction with the peak value data series to form a new data 
series with irregular time intervals as shown by the green dotted line in Fig. 13(d). By 
calculating the time intervals between these peaks, the time variation caused by random jitters 
or slips between roller elements and the cage of the bearing as discussed by Antoni and 
Randall [4] can be determined. The result is shown in Fig. 14. It is illustrated that the 
fluctuation of time intervals between sequential impulses generated by the bearing defect 
from the calculated time interval of the BPFO (at 11.954Hz according to NSK technical data) 
is less than 3 percent. The observation agrees well with the previous finding that the effect of 
randomness on the bearing defect signal is less than a few percent [4].   
Fig. 15 presents the envelope spectra of the time waveforms shown in Fig. 13. It is shown 
that the bearing defect frequency component and its higher harmonics are clearly presented in 
the envelope spectra for all three down-sample cases. No obvious artificial frequency 
components were observed in the spectrum even when the sampling rate of the down-
sampled data was 500 times smaller than the original sampling frequency (i.e., Fig. 15(d)).  
4.3 A case of practical industry applications 
In this section, condition monitoring data of an industrial machine is utilized to further 
demonstrate the effectiveness of the algorithm developed in this work and its applications in 
practical CM programs of low speed machines. The PHDS algorithm is applied to extract the 
bearing defect information from the acoustic emission data measured from the bearing 
housing at the drive end of the input shaft (at Position #0 as shown in Fig. 4(b)) of the paste 
mixer  described in Section 3. The sample frequency of the acoustic emission measurement 
was set at 250 kHz according to the operating frequency range of the AE sensors (type PAC 
CH6I) used in this application. As discussed earlier, the high sampling rate of the AE 
measurements poses a challenge for data storage and transfer since the signal is to be 
analyzed at a remote office some distance away from the industry site. The PHDS algorithm 
was developed and implemented in the condition monitoring system [14] installed on the site 
to have a prior reduction of the CM data in situ before being transferred. The corresponding 
PHDS data was recorded and transferred through the internet at a pre-defined time interval 
(i.e., every 24 hours during the normal production time). The operation and health conditions 
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of the machine can thus be monitored regularly from the remote office at the corresponding 
time interval to prevent unexpected machine failures.  
The input shaft speed of the machine at the normal production condition was measured at 
780 rpm by an attached laser tachometer. This produces a (outer race) bearing defect 
frequency of 85.4 Hz for the rolling element bearing at Position #0. Fig. 16 shows the 
original time waveform of the acoustic emission signal together with the corresponding 
PHDS waveforms using three different down-sample ratios (i.e., 50, 200 and 500 times 
reduction). The envelope spectra of these data are shown in Fig. 17.   
It is illustrated that major peak frequency components including the shaft frequency and its 
higher harmonics, the bearing defect frequency (BPFO) and its higher harmonics can be 
effectively preserved in the envelope spectra for all three down-sample cases. Peak frequency 
components generated by other mechanical components of the machine are also retained in 
the envelope spectra after the down sampling. However, the sources of these frequency 
components are not identified in this work since they are beyond the scope of this paper and 
will not be discussed any further.  
Results presented in Fig. 17 provide clear evidence that the PHDS algorithm developed in 
this work can be successfully employed for practical industry applications to overcome the 
difficulty in transferring large lengthy data file for condition monitoring applications in 
remote industry sites. The technique is particular useful for applications of high frequency 
CM techniques in low speed machines. Figs. 15-17 also illustrate that when the PHDS 
sampling frequency is more than two and a half times greater than the highest frequency of 
interest [12], all peak frequency components of the signal can be effectively retained in the 
down-sample process with minimum noise being induced in the spectrum. 
5. Conclusions 
A simple and effective down-sample algorithm has been presented in this paper to reduce 
the size of condition monitoring data while retaining the useful impact information in the 
signal for accurate mechanical fault diagnosis of rotating machines. The technique is 
particularly useful for high frequency CM techniques in low speed machine applications. The 
algorithm enables a substantial reduction of large unwieldy data size of CM signals produced 
by high frequency CM techniques (i.e., AE) in low speed machine monitoring. Therefore, it 
helps to overcome the barrier of using high frequency CM techniques for low speed machine 
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monitoring in remote industry sites. The small data file size of PHDS signals can be 
transferred through wireless devices or internet more efficiently, thus enabling a real-time 
analysis of condition monitoring signals at offices some distance away from an industry site. 
Furthermore, compact PHDS data also has an immense advantage in signal analysis and data 
storage space.  
The reliability and effectiveness of the PHDS technique was tested and evaluated for four 
sets of data in the study ranging from computer simulated signals to practical industry CM 
data. It was shown that most vital bearing defect information can be retained in the PHDS 
process for all of these test cases even when the original high sampling frequency data was 
down-sampled 500 times in the PHDS process. On the contrary, the down-sample process 
using the existing normal down-sample technique eliminated the periodic impulses generated 
by the bearing defects and produced large dominant artificial frequency components in the 
envelope spectra. The PHDS technique developed in this work has largely improved the 
down-sample algorithm and overcomes the above mentioned deficiencies of the existing 
normal down-sample technique. The improvement thus enables the application of the PHDS 
technique for remote machine condition monitoring.  
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Figure Captions: 
Fig. 1.  The flow chart of the PHDS algorithm.  
Fig. 2.  Configuration of the low speed test rig and the sensors.  
Fig. 3.  Graphical illustration of the simulated incipient bearing outer race defect. 
Fig. 4.  Graphical illustration of the industry paste mixer; (a) A photograph of the paste 
mixer; and (b) An aerial view of the mixer gearbox. A1/A2 is the first reduction gear 
set, B1/B2 is the second reduction gear set, 0-7 are positions where AE sensors are 
mounted. 
Fig. 5.  Comparison of the vibration and acoustic emission time waveforms measured on an 
industrial paste mixer machine; (a) Vibration signal; and (b) AE signal. 
Fig. 6.  Envelope spectra of the vibration and acoustic emission signals shown in Fig. 5; (a) 
Envelope Spectrum of the unfiltered vibration signal; (b) Envelope Spectrum of the 
high pass filtered (>10 kHz) vibration signal; and (c) Envelope Spectrum of the AE 
signal. 
Fig. 7.  The simulated bearing defect signal and the corresponding PHDS waveforms; (a) 
Original bearing defect signal sampled at 20 kHz; (b) PHDS signal sampled at 400 
Hz; and (c) Sampled at 200 Hz. 
Fig. 8.  The envelope spectra of the simulated bearing defect signal and the corresponding 
PHDS waveforms; (a) Original signal sampled at 20 kHz; (b) PHDS signal sampled 
at 400 Hz; and (c) Sampled at 200 Hz. 
Fig. 9.  The simulated bearing defect signal and the corresponding down-sampled signals 
using the normal down-sample technique; (a) Original bearing defect signal with 
white Gaussian noise sampled at 20 kHz; (b) Down-sampled signal sampled at 400 
Hz; and (c) Sampled at 200 Hz. 
Fig. 10.  The envelope spectra of the simulated bearing defect signal and the corresponding 
down-sampled signals using normal down-sample technique; (a) Original signal 
sampled at 20 kHz; (b) Down-sampled signal sampled at 400 Hz; and (c) Sampled at 
200 Hz. 
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Fig. 11.  The time waveform of the simulated bearing signal with multiple defects and the 
corresponding PHDS signals; (a) Original bearing defect signal sampled at 20 kHz; 
(b) PHDS signal sampled at 400 Hz; and (c) Sampled at 200 Hz. 
Fig. 12.  The envelope spectra of the simulated bearing defect signal and the corresponding 
PHDS waveforms; (a) Original signal sampled at 20 kHz; (b) PHDS signal sampled 
at 400 Hz; and (c) Sampled at 200 Hz. FTF - Fundamental train frequency, BPFI - 
Rolling element passing frequency at the inner race. 
Fig. 13.  The measured acoustic emission signals of the low speed bearing test rig and the 
corresponding PHDS signals; (a) Original acoustic emission signal sampled at 200 
kHz; (b) PHDS signal sampled at 4 kHz; (c) sampled at 1 kHz; and (d) sampled at 
400 Hz. 
Fig. 14.  The fluctuation of time intervals between sequential impulses induced by random 
jitters or slips of the roller element bearing. 
Fig. 15.  The envelope spectra of the measured bearing defect signal and the corresponding 
PHDS waveforms; (a) Original acoustic emission signal sampled at 200 kHz; (b) 
PHDS signal sampled at 4 kHz; (c) sampled at 1 kHz; and (d) sampled at 400 Hz. 
Fig. 16.  The measured acoustic emission signal of the paste mixer machine and the 
corresponding PHDS signals; (a) Original acoustic emission signal sampled at 250 
kHz; (b) PHDS signal sampled at 5 kHz; (c) Sampled at 1.25 kHz; and (d) Sampled 
at 500 Hz. 
Fig. 17.  The envelope spectra of the measured AE signal of the paste mixer machine and the 
corresponding PHDS waveforms; (a) Original acoustic emission signal sampled at 
250 kHz; (b) PHDS signal sampled at 5 kHz; (c) Sampled at 1.25 kHz; and (d) 
Sampled at 500 Hz. 
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